Background Currently, a growing placebo response rate has been observed in clinical trials for antidepressant drugs, a phenomenon that has made it increasingly difficult to demonstrate efficacy. The sequential parallel comparison design (SPCD) is a clinical trial design that was proposed to address this issue. The SPCD theoretically has the potential to reduce the sample-size requirement for a clinical trial and to simultaneously enrich the study population to be less responsive to the placebo. Purpose Because the basic SPCD already reduces the placebo response by removing placebo responders between the first and second phases of a trial, the purpose of this study was to examine whether we can further improve the efficiency of the basic SPCD and whether we can do so when the projected underlying drug and placebo response rates differ considerably from the actual ones. Methods Three adaptive designs that used interim analyses to readjust the length of study duration for individual patients were tested to reduce the sample-size requirement or increase the statistical power of the SPCD. Various simulations of clinical trials using the SPCD with interim analyses were conducted to test these designs through calculations of empirical power. Results From the simulations, we found that the adaptive designs can recover unnecessary resources spent in the traditional SPCD trial format with overestimated initial sample sizes and provide moderate gains in power. Under the first design, results showed up to a 25% reduction in person-days, with most power losses below 5%. In the second design, results showed up to a 8% reduction in person-days with negligible loss of power. In the third design using sample-size re-estimation, up to 25% power was recovered from underestimated sample-size scenarios. Limitations Given the numerous possible test parameters that could have been chosen for the simulations, the study's results are limited to situations described by the parameters that were used and may not generalize to all possible scenarios. Furthermore, dropout of patients is not considered in this study. Conclusions It is possible to make an already complex design such as the SPCD adaptive, and thus more efficient, potentially overcoming the problem of placebo response at lower cost. Ultimately, such a design may expedite the approval of future effective treatments. Clinical Trials 2013; 10: 207-215.
Introduction
Demonstrating the efficacy of psychoactive drugs has become increasingly difficult because of the considerable rise in patients' response to placebo [1] [2] [3] [4] [5] [6] . Possible contributing factors include the cumulative effects of nonspecific interventions, changes in the patient populations being recruited into the studies, use of an inactive versus active placebo, and regression toward the mean [2, 3, 7] . Other contributing factors may arise from the actual study itself, such as amount of patient interaction with physicians and effective control of blinding [2] . Methods have been proposed to minimize these aforementioned effects, such as standardizing diagnostic procedures and patient-doctor interactions, using a placebo lead-in trial before the start of a clinical trial, requiring multiple measurements to screen for eligibility, and enriching the study population for chronic disease sufferers [2, 3, 7] .
Motivated by the rising placebo response problem, Fava et al. [2] proposed the sequential parallel comparison design (SPCD), which aims to reduce both the placebo response rate and the sample-size requirement. In the basic SPCD format, patients are randomly allocated to one of three groups, drug/placebo, placebo/drug, and placebo/placebo, which follow a distribution of 1 2 2a, a, and a, respectively, with a being a number between 0 and 0.5. At the completion of phase I, patients are designated responders or nonresponders based on predetermined study criteria. Responders and drug nonresponders exit the double-blind study and either continue with openlabel therapy or discontinue treatment altogether. Placebo nonresponders enter phase II and receive either drug or placebo. For example, a phase I responder to placebo in the placebo/drug group would exit the study after phase I while a phase I nonresponder to placebo in the placebo/drug group will go on to drug in phase II. The value for a can be optimized to maximize the power of the test statistic if the underlying drug and placebo response rates are known. Finally, the original linear combination SPCD weighs the difference detected in each phase differently using the parameter w, a value between 0 and 1, which is the weight placed on the phase I difference; consequently, 1 2 w is the weight placed on the phase II difference. Like a, w can also be optimized if the underlying response rates are known. The advantages of the SPCD are that it reduces the required number of patients in the trial by pooling two phases of data for analysis, and that the patients in the second phase may have a reduced placebo response, allowing for observation of a larger treatment effect.
Tamura and Huang [8] examined the efficiency of the design with binary endpoints while incorporating the possibility of dropout before phase II and with continuous endpoints. In general, the reduction in sample size over the conventional design was between 15% and 30%. However, the SPCD does increase the length of the trial for each subject by extending it to two phases. Depending on accrual, and treatment period, it may or may not increase the overall length of the trial.
Although the SPCD is more efficient than conventional designs, it is highly dependent on a priori estimates of drug and placebo responses, which may not always be accurate. In such cases, the SPCD could potentially lose much of its advantage over conventional designs. In the context of group sequential clinical trials, adaptive designs have been proposed to give investigators and sponsors the option to stop a study early for futility or to change certain design features mid-trial [9] . The purpose of the current study is to incorporate features of existing adaptive designs into the SPCD to make it more robust and provide additional gains in power or savings in resources. In particular, interim analysis was used to implement three adaptations. Because adaptive designs can be too complex to solve analytically for power or type I error rate, the results for this study were empirically calculated using simulations.
Simulations
To conduct the appropriate simulations for the SPCD, a model was created using the programming language R. The basic model generated patient information and clinical trial outcome based on the following set of parameters taken from the SPCD: p 1 , the response rate of patients to drug during phase I; p 2 , the response rate of patients to drug during phase II; q 1 , the response rate of patients to placebo -or a current standard treatment -during phase I; q 2 , the response rate of patients to placebo during phase II; n, the number of patients recruited; a, the distribution of patients in the SPCD groups; and w, the weight applied to the test statistics from the two phases of the trial. Using these parameters, a list of patients was randomly generated and assigned to the three arms of the design: placebo-placebo, placebodrug, and drug-placebo, that is, each patient was assigned at the beginning of the trial of both phase I and phase II treatments, but, with respect to phase II, only phase I placebo nonresponders are included in the efficacy analysis. The patients' responses to drug or placebo in each phase were then generated. As in the study of Fava et al. [2] , patient responses were assumed to be binary. In addition, each patient was assigned an accrual day uniformly between 1 and 400. Each phase lasted 30 days.
The previously mentioned study by Tamura and Huang [8] suggested that the values of a and w that optimize power for a wide range of drug and placebo response rates are 0.2857 and 0.7-0.9, respectively. However, in one of the few clinical trials that uses the SPCD, Fava et al. [10] selected 0.375 and 0.5 as the prerandomization values of a and w, respectively. This study opted to use 0.2857 and 0.8 for a and w, given that they appear optimal when nothing is known about the drug or placebo response, information that Fava et al. may have had when they designed their trial. The sample size, n, was 225 in all simulations, since that was the number of patients in the above clinical trial [10] . It was chosen to mimic the real-life limitations on patient recruitment.
After patient data were generated, estimates of the response rates were tabulated. Because the SPCD involves two phases for analysis, a modified traditional two-proportions test statistic was used, namely,ẑ =ĥ=ŝ, wherê
Those quantities with hats on them denote their estimates using the simulated data. The power of the test is F(z 2 1.96) + F(2z 2 1.96), where F is the cumulative distribution of the normal distribution. For each set of parameters, 10,000 trials were simulated, from which the empirical power was calculated.
In this study, interim analyses were carried out to implement three different adaptive design variations of the basic SPCD. The interim evaluations were conducted at day 200 of the simulated trials unless otherwise specified. A total of 153 sets of parameters with varying values of p 1 , p 2 , q 1 , and q 2 were tested to observe the influence of these parameters on the power. These parameters were based on those examined by Fava et al. [2] . Another 11 sets of parameters were used to measure type I error rates for the interim analyses. Subsets of the results are provided in this article to illustrate general and representative trends.
Interim analysis 1

Rationale and method
In the first interim analysis, the estimate for the placebo response rate q 1 at the interim time was compared to a predetermined threshold, c, and if the estimated rate were less than c, then an adaptive design would be implemented. The rationale for this design was that if the placebo response were low enough, then phase II would not be necessary to detect a drug's efficacy over placebo [2] . Furthermore, because drug efficacy might be detected as early as 4 weeks into some trials [3] , not all patients would need to complete the SPCD trial. Therefore, if the evaluation criterion were met, patients not yet enrolled and those who had not yet started phase II would not continue with phase II of the trial. Furthermore, patients not yet enrolled would be reassigned treatment groups so as to achieve a drug to placebo allocation ratio of as close as possible to 1:1, rather than the 1 2 2a:2a ratio afforded by the basic original SPCD. Consequently, at the end of the restructured adaptive study, there were some patients who enrolled in two phases of SPCD and some patients who participated only in phase I.
By taking advantage of independence between the two patient groups, the final test statistic was calculated using the combined data of the two groups. Those enrolled up to the interim analysis period contributed to a partial SPCD test statistic, while those who enrolled after the interim analysis timeif the condition was met -contributed to a conventional two-proportions test statistic. Using a variance spending method proposed by Fisher [11] to preserve the overall type I error rate in the presence of an interim analysis with potential adaptation, we weighted the test statistics from before and after the interim analysis so that the combined null distribution would still have mean zero and variance one.
For each set of simulation parameters, empirical power and savings in person-days deriving from early termination of phase II were recorded. Percent savings was based on how many person-days were saved compared with the expected total (13,500 person-days, derived from 225 total patients and 60 days of treatment). The interim analysis time was day 200, the midpoint of the accrual period, which lasted 400 days, and the cut-off criterion, c, was 0.3.
Results and conclusions
Despite the implementation of interim analysis 1 with the Fisher variance spending method [11] to Adaptive design variations on SPCD 209 control for type I error rate, the SPCD and interim analysis 1 design still exceeded an error rate of 0.05. After additional simulations, it was thought that this inflation of type I error rate could be contributed to a slow convergence of the SPCD to normality as larger sample sizes resulted in better type I error rates. Nevertheless, to control for type I error with small sample sizes, a threshold of 0.045 was used instead of 0.05 to obtain a final error rate below 0.05, as reflected in Figure 1 (a).
The power differences between the basic SPCD and the interim design were generally 1% or less (Table 1) . Of the 153 sets of parameters tested, few had power losses greater than 1%. In general, power losses were high in cases that had large optimal a values and low optimal w values, which meant that more patients went on to phase II, and more weight was placed on phase II. Consequently, the elimination of phase II by the interim design could reduce more power. On the other hand, the gains in savings were significant in those settings. The simulated results showed up to 25% reduction in total persondays with the savings being dependent on the time at which the interim analysis was conducted and c, the cut-off threshold.
To probe the effects of the placebo response threshold and the interim evaluation time on power and savings, a range of values of each was examined. A threshold of 0.3 can provide substantial savings with minimum to negligible decreases in power ( Supplementary Figure 1 ). Interim analysis conducted as early as day 80 (i.e., at 20% of planned accrual) had little impact on the power. Results from simulations using other parameters support this conclusion. With 225 patients, enough patients will have enrolled by day 80 to give a good estimate of q 1 . In most cases, where q 1 is less than 0.35, the sample size required is less than 225.
In conclusion, this interim analysis design is useful when the sample size exceeds actual power requirements, and recovery of some of the planned costs is desirable. Furthermore, it has the advantage of subjecting fewer patients to prolonged exposure to either placebo or experimental treatment. For the most part, this design adequately shortens the duration of the trial without unacceptable sacrifice to power. Because a few cases resulted in up to 9% absolute reduction in power, this risk should be considered when evaluating whether to pursue this adaptive design. The n, a, and w values shown were the optimal ones that will achieve 90% power with the minimum number of patients for equal values of p and q (C1: p1 = q1 = p2 = q2 = 0.5; C2: p1 = q1 = p2 = q2 = 0.4; C3: p1 = q1 = p2 = q2 = 0.3; C4: p1 = q1 = p2 = q2 = 0.2). Each simulation used 225, 0.2857, and 0.8 for n, a, and w, respectively. Interim time point was day 200. Cut-off for interim analysis 1 was 0.3. Cut-off for interim analysis 2 was 0.3. Upper bound sample size for interim analysis 3 was 900, and the lower bound was number of patients recruited at interim analysis.
Interim analysis 2 Rationale and methods
Building on the previous design, the second proposed interim analysis evaluated whether the estimate of p 1 2 q 1 , the phase I treatment effect, at the interim time exceeded a threshold, c. We note that this threshold, c, is not the same as that used for interim analysis 1. The rationale for this design was that if the difference between drug and placebo detected in phase I were large enough, then the data from phase II would not be necessary. Consequently, all patients who had not started phase II and all patients who had not yet enrolled would not enter phase II.
Patients not yet enrolled would be reassigned to achieve as close to an overall allocation ratio of 1:1 as possible. The two-proportions test was substituted for the SPCD test statistic for these patients. Empirical power and savings in person-days were recorded for various sets of test parameters.
This design had greater potential for improved efficiency over basic SPCD than the first proposed adaptive design. However, by directly probing the effect size of drug over placebo, this design also had greater potential to inflate the type I error rate. We tried to control for this using a similar variance spending method as in interim analysis 1. Percent savings was based on how many person-days were saved compared with the maximum (13,500 persondays). The interim time was day 200, and the threshold for p 1 2 q 1 was 0.3.
Results and conclusions
This adaptive design had similar issues with type I error rate as interim analysis 1, but the same method of using a threshold of 0.045 successfully controlled for the final error rate (Figure 1(b) ). Savings in person-days and changes in power largely depend on the timing of the interim analysis and the threshold at which a change would be made in the design after the interim analysis. Therefore, a range of values for each variable was examined. With a lower cut-off threshold, there was greater savings in person-days, but there was also an associated drop in power compared to the SPCD (Supplementary Figure 2) . A cutoff of 0.25 was optimal, which incidentally was the largest difference between p 1 and q 1 that Fava et al.
[2] examined ( Table 2 ).
An earlier interim analysis time was associated an increase in savings of person-days, but did not have much impact on power. The sample size with which interim analysis 2 was simulated was not affected by the ideal SPCD sample size beyond providing greater power whenever the former exceeded the latter. However, a smaller SPCD sample-size requirement was correlated with a larger difference between p 1 and q 1 , which resulted in a greater likelihood of meeting the cut-off threshold of interim analysis 2 and greater savings. Because values of a and w determined the impact of terminating phase II, as the results from interim analysis 1 suggested, a separate set of parameters was tested with varying values of the threshold and interim evaluation time to investigate the effects of the use of suboptimal values for a and w. The n, a, and w values shown were the optimal ones that will achieve 90% power with the minimum number of patients for the values of p and q listed. The simulation for this interim analysis design actually used 225, 0.2857, and 0.8, respectively, for all trials. Percent savings was based on how many person-days were saved compared to the expected total (13,500 person-days). Interim time was day 200, and the cut-off threshold, c, was 0.3.
Similar trends were shown for other parameters as well. Most notably, this adaptive design demonstrated gains in power over the basic SPCD for sets of parameters with suboptimal estimates of a and w. This result suggests that this design can effectively recover power when the estimates of a and w are incorrect prior to the start of a trial. In the context of this analysis, it is logical that when more weight is be placed on phase I data, as indicated by a high w and low a, there would be less of an impact on the power when phase II data are discarded than when less weight is placed on phase I. Therefore, our second proposed adaptive design may not provide as much improvement relative to the basic SPCD as would be desired.
Interim analysis 3 Rationale and methods
The third proposed interim analysis incorporated sample-size re-estimation into the basic SPCD. Because the SPCD drastically reduces sample-size requirements compared to the conventional design, it is rare in practice for the SPCD to overestimate * the required sample size. However, if the design values of the drug and placebo response parameters are inaccurate, it becomes necessary to increase the sample size to demonstrate efficacy. Wittes and Brittain [12] introduced a sample-size re-estimation method at an interim analysis, which they termed an internal pilot study. In their setting of normal data, this involved re-estimation of the variance of the data, a so-called nuisance parameter. Other methods have been suggested for studies with binary outcomes [13, 14] . In this study, we followed Fisher's [11] method for increasing sample size while controlling for type I error.
At the interim time, estimates of p 1 , q 1 , p 2 , and q 2 were used to recalculate the sample size. If the new sample size exceeded the initial estimate, new patients were recruited to reach the target size. As with any sample-size re-estimation, it may not always be feasible to increase the sample size to the required level, and an upper bound must be placed. If the new sample size exceeds the upper bound, then one can either discontinue the study out of futility and not test the hypotheses or continue with the planned trial to measure secondary outcomes of the study. If the planned sample size exceeds the new sample size, one can stop early and recover some of the cost of the study. However, Wittes and Brittain [12] cautioned that stopping a trial early may have a negative impact on the type I error rate and should be carefully evaluated. In this study, the The n, a, and w values shown were the optimal ones that will achieve 90% power with the minimum number of patients for the values of p and q listed. The simulation for this interim analysis design actually used 225, 0.2857, and 0.8, respectively, for all trials. Percent savings was based on how many person-days were saved compared to the expected total (13,500 person-days). Interim time was at day 200, and the cut-off threshold, c, was 0.3.
*
We recognize that the calculation of sample size is based on estimated parameters. Here and throughout the rest of the article, we refer to this process as sample-size 'estimation', or 're-estimation' if it is conducted at the interim analysis. simulated trial was stopped at the interim analysis time if the re-estimated sample size was smaller than the number of patients already recruited. If the reestimated sample size exceeded the upper bound, then more patients were recruited until the minimum of the new sample size and the upper bound was reached. The same sets of parameters were analyzed with interim analysis 3 as were used with interim analyses 1 and 2. Similar to the previous two analyses, we started by looking at the type I error rate of this design and moved on to empirical power analyses.
Results and conclusions
Similar to the previous interim analyses, this one also resulted in inflation of type I error rate. However, this time, a new threshold of 0.04 was needed to obtain a final type I error rate of less than 0.05 (Figure 1(c) ). Table 3 shows that the power analysis results for some of the parameters tested. Of note, we have included relevant sample-size calculations other than the optimal sample size for comparison. In particular, because the specific a and w values used in a trial significantly influence the sample needed for the SPCD to achieve a certain power, this sample size should be the more appropriate sample size used for comparison to that derived from sample-size reestimation. Consequently, the examples chosen for this analysis illustrate both the power gained from sample-size re-estimation and the possible problem with not choosing the optimal a and w values.
The sample size calculated from the a and w values selected prior to the trial beginning can vary widely from the optimal one (Table 3 ). It can be as highly accurate as within one patient of optimal or as inaccurate as needing more than 200 patients. If the optimal a and w values are not used, then the SPCD can have less power than that produced by the conventional two-proportions test. In cases where the required sample size is smaller than the one estimated prior to the trial beginning, our sample-size re-estimation can unnecessarily inflate the sample size need because we always recruit up to the interim analysis time. Nevertheless, in nearly all cases, the median sample size from sample-size re-estimation is still smaller than the conventional sample-size requirement. On the other hand, in cases where the starting sample size is underestimated, sample-size re-estimation can recover up to 24.5% power ( Table 3 ). The amount of power recovered is comparable to the previous study of sample-size re-estimation for standard trials [15] , which suggests that the SPCD could also benefit from sample-size re-estimation.
We probed the effects of the lower and upper bounds on the outcome of sample-size re-estimation. In this study, the time of interim analysis fixes both the amount of information available for SPCD: sequential parallel comparison design; SSR: sample-size re-estimation. The n, a, and w values shown were the optimal ones that will achieve 90% power with the minimum number of patients for the values of p and q listed. The simulation for this interim analysis design actually used 225, 0.2857, and 0.8, respectively, for all trials. Interim time was at day 200. The lower bound for SSR was the number of patients recruited by the interim time, and the upper bound for SSR was four times the original sample size or 900 in this case. Median SSR n was the median re-estimated sample size used for simulation with each set of parameters. The conventional n is the estimated sample size needed with the two-proportions test to achieve 90% power.
sample-size re-estimation and the lower bound for re-estimation. To illustrate the range of potential power increases from the sample-size re-estimation, we chose parameters associated with an underestimate of the required sample size ( Supplementary  Figure 3 ). With an increase in the upper bound for the re-estimated sample size, there was an associated increase in the power. For the example shown, the power increase ranged from about 11% to 19%. The median new sample size did not vary much with the increase in upper bound, but the mean new sample size increased considerably. This result suggests that for a majority of time, the re-estimated sample size was outside the bounds established, which resulted in the new sample size being capped at the bounds. These results show that as the interim time increased, which was associated with an increase in the lower bound, the power increase ranged from 10% to 21%. For interim analysis times greater than 240, the increases in power started to plateau (Supplementary Figure 3 ). It is likely that not enough patient information was collected before that point to give accurate estimates of the drug and placebo response rates. After that point, the additional information helped increase the power, but not to the same degree as before. Investigators conducting clinical trials will need to decide whether the additional gains in power were worth monitoring the patients for longer periods.
Discussion
Overall, the three proposed adaptive design variations on the basic SPCD either reduced the resource requirements of the SPCD or increased the power without substantially increasing the type I error rate. In the first two designs, the main goal was to reduce the total person-days required for the trial by reducing the length of the trial for some of the patients. On average, the first interim analysis design achieved savings of 5%-25% without substantial changes in power for some of the parameters tested. Additional savings reduced power. In general, this design worked best when the true response rates were low. The second interim analysis design achieved smaller savings of 2%-8% with negligible changes in power, which was mostly due to the fact that the second interim analysis criterion was harder to satisfy than that of the first criterion. Unlike the first interim analysis design, it achieved savings for a larger set of parameters, and it worked best when the initial estimates of the true response rates were very inaccurate. The third interim analysis design successfully extended a simpler sample-size re-estimation method to the basic SPCD and achieved up to a 25% increase in power when the initial sample size was underestimated due to unknown p 1 , p 2 , q 1 , and q 2 . In general, given the same sample size, the SPCD had much better power than the conventional twoarm design [15] , which suggests that the SPCD is generally a very efficient design that also can benefit from sample-size re-estimation.
While it is possible that the basic original SPCD can drastically reduce the sample-size requirements in certain cases, it relies on accurate estimates of the underlying drug and placebo response rates, which consequently determine a and w. As the result from interim analysis 3 shows, inaccurate response rates can dramatically affect the sample-size requirement to the extent that the basic SPCD is somewhat inefficient. Consequently, it is important to collect preliminary data on the response rates of the patients to make reasonable estimates when using the SPCD. Alternatively, an adaptive design, such as those that we have proposed, could be used in conjunction with the basic SPCD to make the SPCD more robust.
One important issue that arose from the simulation is that the SPCD had difficulty achieving a type I error rate of 0.05. Additional analysis suggests that the SPCD does converge toward normality with a much larger sample size. Given that a large sample size is not feasible in reality, this article proposed to correct this issue by setting a lower alpha threshold. Despite setting a stricter cut-off to control for type I error rates, however, the three interim analysis designs were still able to provide substantial gains in person-time savings or improvements in power. Nevertheless, in practice, this means that meticulous simulations must be conducted prior to the start of a clinical trial to ensure that sponsors can have a more accurate assessment of what the expected type I error rate is.
In future work, we would like to perform more extensive simulations to better optimize the SPCD for given parameter spaces. We would also like to examine how we can optimize a and w to maximize power. Preliminary data show that a simple optimization function of w at the interim analysis would inflate the type I error rate. More research is needed to determine how to correct this and how to optimize the SPCD test statistic. We believe this is feasible given that other test statistics have been developed for the SPCD that do not utilize w [16, 17] . We also explored a previously published method [15] for sample-size re-estimation that allows blinding of response rates at interim analysis. It also suffered from inflation of type I error rate, an issue we would like to correct in the future.
In summary, the results from the three interim analysis designs provide evidence that the basic SPCD can be improved by incorporating aspects of adaptive designs. However, because the SPCD strongly depends on good estimates of patients' actual response rates to drug and placebo, more testing and simulations are needed to determine how exactly these adaptations are to be implemented, as well as what the loss in power in certain cases would be when translated into additional patients. In reality, situation-specific simulations that incorporate known data would be conducted prior to the start of a clinical trial to understand how uncertainty may impact the outcome and how to optimize it. Furthermore, a metric needs to be developed so that the savings in sample size and trial length can be evaluated under real-life economic constraints. The costs of recruiting a patient and the costs of keeping a patient on a trial for a certain period of time must be considered when weighing the advantages and disadvantages of the savings.
